We empirically estimated the effect of three types of investment in acquiring technological knowledge (in-house R&D, importing foreign technology and purchasing domestic technology) on the innovation output of Chinese firms in four hi-tech industries. These investments on technology are assumed to generate different types of knowledge, which in turn contribute to the enhancement of the technology capability of firms. Based on a dataset constructed from a panel of 30 regions over the ten year period of 1995-2004, we estimated an aggregated patent production function with the region-industry combination as units of analysis. Our results show that investing in foreign technology alone does not facilitate the introduction of innovation, unless it is coupled with a firm's own in-house R&D effort. Domestic technology purchases also favourably influence innovation, suggesting that firms have little difficulty in absorbing domestic technological knowledge. The relative importance of the three types of technological knowledge differs across industries.
Introduction
It is an accepted fact that the fast economic growth in China is partially attributable to the use of foreign capital as well as imported foreign technology (Hu and Jefferson, 2002; Liu and Wang, 2003; Madariaga and Poncet, 2007; Yao, 2006) . However, despite its powerful manufacturing capacities, after more than 20 years of rapid development, China still relies on foreign countries for core technologies in many sectors. There has been considerable debate on exactly how beneficial foreign technologies have been to China's technological capabilities (Lu and Feng, 2005; Mu and Lee, 2005) . Although recent studies confirmed the importance of foreign technology import (FTI) to productivity and growth in less developed countries (Basant and Fikkert, 1996; Branstetter and Chen, 2006; Hu et al., 2005) , the impact of foreign technology on the innovation capability of domestic firms or industries remains inconclusive. For example, Liu and White (1997) found that imported technology has no direct impact on a firm's innovation performance. In highly innovative industries, firms can gain leverage only when investing in both R&D personnel and foreign technology, suggesting the importance of absorptive capacity (Cohen and Levinthal, 1990) . In contrast to this finding, Liu and Buck (2007) showed that learning-by-importing-technology can enhance a domestic firm's innovative capacity directly, independent of absorptive capacity.
Besides foreign technology, firms in developing countries also heavily draw upon external technological knowledge developed by universities, research institutes and other domestic firms. In China, this form of technological knowledge is usually transferred or transacted in domestic technology markets (Arora et al., 2001; Sun, 2002a) , and thus is referred to as domestic technology purchase (DTP) in this paper. The establishment of technology markets was an intentional institutional arrangement to promote domestic firms' technological capability, however, the impact of DTP on firms' innovation capability is found to be rather limited or unsatisfactory (Gu and Lundvall, 2006; Liu and White, 2001; Sun, 2002b) . Therefore, how to promote indigenous innovation capability in domestic firms and encourage firms to become the main actors in national innovation system has been at the top of Chinese Government's policy agenda. For this purpose, it is worthwhile to assess the contribution of external technology to the development of indigenous innovation capabilities in China. Specifically, how important is in-house R&D to the development of domestic technological capability? Under what conditions can foreign technology be effectively assimilated and utilised? To what extent should an industry rely principally on its own R&D efforts versus external technological knowledge? Does there exist a consistent pattern of learning and innovation between regions and across industries?
In order to address these concerns, this study investigates whether and under what conditions technological knowledge developed internally through in-house R&D investment and purchased externally through FTI and DTP help to enhance Chinese firms' indigenous innovation capacity. Our analysis is based on a newer and larger panel dataset covering ten years from 1995 to 2004 across 30 provinces in China, with a focus on four hi-tech industries: the medical and pharmaceutical products industry (henceforth, pharmaceutical), the electronic and telecommunication equipment industry (henceforth, telecom), the computer and office equipment industry (henceforth, computers) and the medical instruments and metres industry (henceforth, instruments). The reason why we concentrate on hi-tech industries is three-fold. First, these industries are considered to be more technology intensive in terms of innovation activities than other industries and to a certain degree reflect the highest level of innovation capacity in China's innovation system. Second, because of China's short history of industrialisation and insufficient investment in science and research, Chinese hi-tech industries are not actually 'high' in a technological sense, compared to the same industries in developed countries (Xu, 2000) . In the early stages of their development, these industries spent quite a large amount of money on external technologies, which has made possible a comparison of contributions to technology capabilities across different sources of technology. A third, more practical reason, is the abundance of data available for this analysis. The Chinese Government has recorded more than 30 innovation indicators from these industries for 30 provinces since 1995, providing us with an opportunity to empirically examine their innovation activities with longitudinal data. This study takes 30 provinces as a panel and analyses industry-level data for a period of ten years from 1995 to 2004. According to the practices of the Chinese National Bureau of Statistics (CNBS), FTI and DTP expenditures include purchases of design knowledge, formulas, drawings, processes, patents and know-how and key equipment that are closely related to new product development, but do not include those used directly for production, such as production lines, complete knock-down kits and turn-key facilities (Liu and White, 1997) . In this sense, what can be acquired through FTI and DTP is mainly disembodied knowledge and contains both codified and tacit knowledge (Nelson and Winter, 1982; Polanyi, 1966) . It represents a form of knowledge-source spillover (Kathuria, 2001) .
To investigate the effect of different sources of technological knowledge on firms' innovation capabilities, we base our empirical analysis on a function of new knowledge production. Following the conventions in the literature (Acs et al., 2002; Archibugi, 1992; Furman et al., 2002) , we employed the domestic patent applications count as a proxy indicator of innovation capability, which is in turn determined by the stock of technological knowledge a firm obtains from three main sources: in-house R&D, FTI and DTP. Our results show that the importance of absorptive capacity is related to the complexity and sophistication of external technology to be exploited. Although domestic technology can directly contribute to a firm's innovation capability, the impact of foreign knowledge is contingent upon whether the firm has acquired certain absorptive capacity through its in-house R&D. Separate estimates for subsamples also suggest that the mode of learning and innovation varies between regions and across industries.
Theory and hypotheses
In order to empirically evaluate determinants of innovation capability, we employ the analytic technique of new knowledge production function with innovation as the dependent variable. Because in-house R&D is the most important means that a firm generate frontier knowledge in developed countries, the relation between R&D and innovation capability has been examined extensively in the literature (for example, Furman et al., 2002; Hausman et al., 1984; Jaffe, 1986) . In less developed countries such as China, however, because most of firms are not on the technological frontier, knowledge generated by their own in-house R&D might not be as advanced as that by their counterparts in developed countries. To have access to the state-of-art foreign technology and not to reinvent the wheel, firms may choose to exploit such external source of knowledge, if possible. As a matter of fact, the utilisation of foreign technology is often considered to be important to boosting technological and manufacturing capacity in less developed economies (Amsden, 1989; Arora et al., 2001) . Besides foreign technology, outside knowledge from domestic competitors, universities and research institutes consists of a third important technological source that helps to enhance firms' innovation capability. This is particularly true in the case of China. As Liu and White (2001) described, in the initial stage of Chinese reform, firms were advised to acquire useful technology from domestic technology markets. In this study, we augment the usual knowledge production function and postulate that outside knowledge drawn from both FTI and DTP, contribute to the firm's innovation together with in-house R&D.
Technology spillover from foreign direct investment (FDI) is another channel through which foreign technologies influence the accumulation of domestic technological capabilities, which has also been extensively studied.
1 Unfortunately, because of the unavailability of province-industry-level FDI information in CNBS' data, we can not take this effect into account in our model. Given the fact that industry-level use of foreign technology is closely related to the extent of FDI presence in each industry, our model will be able to indirectly capture part of the effect from FDI spillover. In addition, technical information provided by OEM contracts, reverse engineering efforts and labour mobility are other possible channels through which technology diffuses (Liu and Wang, 2003) . Because most of these diffusion channels leave no paper trail from which one can analyse the flow of technology and its impact, in this analysis we will focus on in-house R&D, FTI and DTP only. Cohen and Levinthal (1989) argued that a firm's R&D has dual functions. It not only generates new knowledge (i.e., innovation effect) but also contributes to the firm's absorptive capacity (i.e., learning effect). Forbes and Wield (2000) regarded the learning function of R&D as particularly relevant and important in developing countries or technology followers. To take these observations into consideration, we postulate that in-house R&D has a moderating effect on the contribution of externally acquired knowledge to the firm's innovation capability. This means that a firm is unable to assimilate externally generated knowledge without a certain absorptive capacity. In order to exploit the externally developed knowledge, the firm should invest in its absorptive capacity, which can in turn be created by its in-house R&D.
A firm's incentive to invest in absorptive capacity is affected by its perceived importance of absorptive capacity, which is determined by both the nature of knowledge to be assimilated and exploited and the difficulty of learning (Cohen and Levinthal, 1990; Nelson and Winter, 1982) . Technological knowledge acquired through FTI and DTP contains both codified (e.g., patents, formulae and drawings) and tacit (e.g., know-how) knowledge. The former is objective and rational, and refers to knowledge about the state of world ('know-what') , while the latter is subjective and experimental, and refers to knowledge about skill and competence ('know-how') (Lundvall and Johnson, 1994) . Tacit knowledge is rooted in action and developed through learning and experience, and thus is context dependent and embedded in the organisation where it is created (Nonaka, 1994) . It is difficult to codify and communicate, and therefore is imperfectly tradable and costly to imitate. This tacit dimension of knowledge is underlying the knowledge-based view of the firm which argues that knowledge is the most important resource and the basis of superior performance in a firm (Barney, 1991; Conner and Prahalad, 1996; Grant, 1996; Nonaka et al., 2000) .
For a technology recipient firm, both forms of knowledge need to be absorbed before it can integrate acquired knowledge throughout its organisation and capably execute prescribed tasks in a new context. Although the transfer of codified knowledge across individuals or firms is easy and complete with the acquisition of documents and manuals, the transmission of tacit knowledge often requires practice, action and interpersonal interaction, and is slow, costly and uncertain (Kogut and Zander, 1992) . The accumulation process of tacit knowledge is influenced by both internal (e.g., organisational structure, routines, coordination mechanisms, managerial ability) and external (e.g., market, competition, industry) contextual factors, which are inherently different and unlikely to be same across firms (Kogut and Zander, 1992; Nonaka et al., 2000) . The context itself is also constantly changing and evolving. This makes it difficult for the recipient firms embedded in one context to fully understand and assimilate tacit knowledge developed in another context. As a result, the difficulty of learning is largely derived from learning tacit knowledge. Furthermore, knowing how to use technology does not imply that the firm has the capability to improve on it (Malerba and Orsenigo, 2000) . For a recipient firm, to be able to internalise the acquired knowledge and further innovate incrementally requires combinative capacity (Kogut and Zander, 1992) , which involves more technology learning than just learning how to use.
Although the difficulty of learning encourages a firm to invest more R&D in absorptive capacity (Cohen and Levinthal, 1990) , one may wonder why R&D should be invested to facilitate the learning of tacit knowledge, especially given the fact that tacit knowledge cannot be articulated explicitly. We can justify this argument from at least two aspects. On the one hand, tacit and codified knowledge are not two mutually exclusive categories. There is a continuum between tacitness and codification, and some tacit knowledge may be actually codifiable but not codified for economic reasons (Cowan et al., 2000) . With new information technologies emerging some tacit knowledge can also become codified (Balconi, 2002) . Investment in R&D can therefore promote the learning of such tacit but potentially codifiable knowledge. On the other hand, the recipient firms may increase their R&D investment in absorptive capacity just because they are unable to tell what can be learned and what can not be learned by R&D efforts until they fully assimilate the acquired technology. Since most recipient firms are technology followers and lack of knowledge about acquired technology, this justification is not unreasonable. For these reasons, it can be expected that the more tacit acquired knowledge is, the more difficult it is for recipient firms to learn, and the more incentive they have to invest in absorptive capacity. In their study of pharmaceutical -biotechnology R&D alliances, Lane and Lubatkin (1998) found that the similarity of organisational structures and resources between partners is positively related to inter-organisational learning, thus providing empirical evidence supporting the importance of tacit dimension of knowledge to absorptive capacity.
Given their different sources, we argue that a systematic difference exists between technological knowledge imported from foreign countries and that licensed from domestic sources, i.e., between FTI and DTP. First, since China is in a catching-up stage and the technological level in many industries is far from technology frontiers, FTI from other countries is normally more complex and sophisticated and contains a higher level of codified knowledge than the best domestic technology. Secondly, due to the difference in firms' routines, organisational structures and incentive mechanisms across countries, imported foreign knowledge is less likely to fit to the needs or concerns of Chinese indigenous firms than domestic technology. In this sense, more tacit dimension of knowledge is associated with FTI than with DTP. It is more difficult for a firm to assimilate and exploit foreign technology than domestic technology.
From a related but different perspective, the argument of technology gap also suggests that the complexity and sophistication of external knowledge affects the importance of absorptive capacity. For instance, previous literature on international technology spillovers found that only firms over a certain technological level are likely to benefit from external technology spillovers (Borensztein et al., 1998; Glass and Saggi, 2002) . This implicates that the larger technology gap exists, the more crucial of absorptive capacity. In the Chinese case, it is reasonable to assume that the technology gap between a firm's own technology and imported foreign technology is much larger than that between its own technology and licensed domestic technology. Therefore, we postulate that the moderating effect of absorptive capacity on the effect of external knowledge is different between two sources of outside knowledge.
H1
The role of absorptive capacity is more important for firms to exploit foreign technology than to benefit from domestic technology developed externally.
In order to fully assimilate advanced technology developed by others and then innovate, a recipient firm has to have enough accumulated knowledge that can be obtained through R&D activities. In this sense, R&D conducted by a non-frontier firm is probably more important to building absorptive capacity than to generating new knowledge. The existing literature has actually noted that the learning role of R&D in developing absorptive capacity is contingent on the level of technology gap. In a study of productivity growth of OECD countries, Griffith et al. (2004) and Kneller (2005) both found that the further a country lies behind the technological frontier, the greater the importance of R&D investment in creating absorptive capacity. Castellani and Zanfei (2003) showed that the contribution of international technology spillover is related to the technology gap between foreign and recipient domestic firms. A threshold of absorptive capacity exists for technology spillover to occur (Girma, 2005) . In effect, a firm with a lower level of absorptive capacity faces a more difficult learning environment. In such a setting, the marginal effect of R&D on absorptive capacity will be increased (Cohen and Levinthal, 1989) . Based on the argument of absorptive capacity and/or technology gap, the discussion of dual functions of R&D have important implications for firms located in different regions in China. During the last 30 years, the rapid development of Chinese economy has led to a large disparity of innovation capability between regions. Firms in the more developed eastern regions are shown to be more innovative than their counterparts in the less developed central and western regions (Li, 2007; Sun, 2003) . The former group invests more in R&D and thus has much higher absorptive capacity than the latter group. This disparity in absorptive capacity should influence a firm's mode of learning and innovating. As Cohen and Levinthal (1990) predicted, firms with higher levels of absorptive capacity will tend to be proactive, while those with a modest absorptive capacity will tend to be reactive. Due to the effect of absorptive capacity on firms' aspiration level, a self-reinforcing mechanism may be formed, which implies that the proactive and reactive modes of firm behaviour remain rather stable over time. Given this discussion, we propose the following hypotheses:
H2 The innovation function of R&D in generating new knowledge is more important in relatively more developed regions than in less developed regions, while the reverse is true in term of the learning function of R&D in developing absorptive capacity.
H3
The contribution of DTI to accumulating technological capabilities is larger in less developed regions than in relatively more developed regions.
Since the importance of a firm's absorptive capacity is strongly related to the nature of external knowledge to be assimilated and exploited, and the accumulation of tacit knowledge is path-dependent and context specific, the development of absorptive capacity is also industry-specific and context dependent. Cohen and Levinthal (1990) posited that the degree to which a field is cumulative, or the field's pace of advance, affects how critical R&D is to the development of absorptive capacity. The faster the pace of knowledge generation, the more necessary is the R&D efforts to developing absorptive capacity. Greater technological opportunity signifies greater amount of external knowledge, which in turn increase the importance of the firm's absorptive capacity. Research on sectoral innovation systems argues that there exists systematic difference between industries in some key aspects of knowledge, such as accessibility, cumulativeness and the ones constituting a technological regime, and the means of knowledge transmission varies greatly across industries (Malerba, 2005; Malerba and Orsenigo, 2000) . This suggests that the learning and innovation mode be different across industries.
H4 The contribution of internal and external knowledge to firms' innovation capabilities is significantly different across industries.
Data and methodology

Data source
In view of the importance of high-tech industries to the national economy and innovation system, the Chinese National Bureau of Statistics has been collecting information on science and technology from hi-tech firms. We will take advantage of this official information to investigate innovation activities across hi-tech industries. Specifically, the data that we used in this study are from the series of Chinese Statistical Yearbooks on the High Technology Industry (National Bureau of Statistics of China, 2002 China, -2005 . Information included in these yearbooks contains about 30 major indicators of innovation activities in five Chinese hi-tech industries, namely, pharmaceuticals, aircraft and spacecraft, telecom, computers and instruments. These data were originally reported to the Chinese NBS by all large-and medium-sized enterprises (LME). To maintain the confidentiality of the firms' information, the CNBS aggregated firm-level data for each industry at provincial level. In this analysis, we use the province as our unit of analysis, and exclude the industry of air and space crafts because of its defence nature. From the officially released aggregate statistics, we are able to construct a panel of provinces over the ten years from 1995 to 2004 for each of the five industries.
Methodology
To relate three ways of acquiring technological knowledge to innovation capability, we use the number of domestic patent applications as a rough measure of innovation performance. In estimation and computation, the smallness of patent counts in our dataset suggests that a count regression is appropriate to estimate our augmented knowledge production function. Following the practice in count data models and taking into account the specific nature of patent counts, we assume that the number of province-industry level patent counts has the following mean specification:
where Patent it is the patent counts for province i in year t. (R&D) it , (FTI) it and (DTP) it represent logged knowledge stocks generated from in-house R&D, FTI and DTP, respectively. Two interaction terms are incorporated to capture the impact of absorptive capacity. α i is province-specific effect; δ t are year dummies; and β's are coefficients to be estimated from the model. (Export) it and (Number of firms) it are control variables as defined below. This specification amounts to a linear relationship between logged mean number of patents and independent variables. To account for the problem of over-dispersion of patent data, we use the fixed effect negative binomial regression model as proposed by Hausman et al. (1984) in estimation. This econometric technique is designed for maximum likelihood estimation of the non-negative event counts like patents for each period, conditional on the total counts over the whole sample period. By conditioning on the total sum across time period, the fixed effect, time-invariant province-(and industry-) specific heterogeneity, will be cancelled out. For the reason of conditioning, we excluded those units with less than four successive observations. Four units (24 observations) with all zero counts in the sample period are also dropped in the computation. We are finally left with a total of 836 data points with 92 units in the pooled data covering the four industries. Because of the presence of missing values, the panel size for each industry is not equal. In particular, the number of units for the computer industry is the least among the four industries, because of the non-existence of computer firms in some western provinces.
Dependent variable
The Chinese patent system classifies all domestic patents into three categories according to their innovativeness and sophistication: invention, utility model and design. Patents analysed in this study all refer to invention applications representing the most technologically sophisticated and new-to-the-country innovation outcomes. This measure of innovation capability is different from what has been used in Liu and White (1997) and Liu and Buck (2007) . Both studies took new product sales as a measurement of innovation output. In China, however, if a product is designated by the government as new, the firm can obtain a tax subsidy from the provincial or national government and thus, Chinese firms have an incentive to over-register the sales of new products. In addition, the procedures for new product approval are neither completely standardised nor comparable between regions because a product can be designated as new at the city level, the provincial level or the national level. Therefore, the use of new product sales will inevitably introduce some measurement bias. By contrast, the procedures for patenting are uniform across industries and regions. The proprietary right associated with patent reflects the 'indigenousness' of innovations. Although, there are also measurement issues and pitfalls associated with measuring innovation with patent (Archambault, 2002; Griliches, 1990) , it is the best indicator available in our constructed dataset that represents the indigenous innovation capability. Table 1 gives a description of patent distribution during the sample period. It is quite clear that, while aggregated at province and industry level, the patent counts are still very small in hi-tech industries. For all four of the industries studied, about half of the provinces have annual patent counts of no more than 50 over the entire sample period, although the later period sees more provinces taking out over 50 patents annually. It indicates that innovation capability in Chinese hi-tech industries is at a very low level in terms of patenting. 
Independent variables
In the empirical estimation of knowledge production functions, two measures of R&D (or knowledge) inputs are usually used. Hausman et al. (1984) , Acs and Audretsch (1988) , Cincera (1997) and Blundell et al. (2002) used the current and past flow of R&D expenditure as inputs. This specification assumes that all past R&D investments are substitutes with a unit elasticity of substitution. Because of the high persistency of R&D expenditure, it often leads to multi-collinearity problems between regressors. Drawing upon the econometric literature on R&D and productivity, Hall and Mairesse (1995) and Crépon and Duguet (1997) instead employed an estimation of R&D capital stock. That is, the annual flow of R&D expenditures can be taken as investments adding to a firm's knowledge capital stock. This knowledge stock depreciates over time so that the contribution of past R&D becomes less valuable as time passes. One advantage of this specification is that it allows for both complementarity and depreciation among past R&D expenditures. In this paper, we employ the second approach to measure the three different sources of technological knowledge.
Following the common practice, we constructed the variable of knowledge stocks generated from in-house R&D with a perpetual inventory investment model as in Hall and Mairesse (1995) . According to this model, the initial knowledge stock SO 1 and the knowledge stock at the beginning of year t (SO t ) are computed from annual in-house R&D expenditure (FO t ) as in the following:
1 1
(1 ) , 2.
Here, g denotes the pre-sample growth rate of annual in-house R&D expenditure and δ is the annual depreciation rate of R&D investment. One drawback associated with using knowledge stock as technological inputs is that it ignores the contribution of current R&D investment in patenting. Hall et al. (1986) showed that a strong contemporaneous relationship exists between in-house R&D investment and patenting. In order to take into consideration this contemporaneous effect, we chose to use the in-house R&D stocks (KO t ) at the middle of year t, which are calculated as: 1 ( )/2 , 1 .
where both SO t and SO t+1 are obtained from (2) and (3). In estimating the initial stock SO 1 with this approach, two parameters, g and δ, have to be determined. Since the specification of δ is not likely to affect the results very much, as confirmed in previous literature (Hall and Mairesse, 1995; Hu and Jefferson, 2004) , we assume an annual depreciation rate of 15%. To specify the pre-sample growth rate g of in-house R&D, we use a sample-based method. Our data show that the industry-level in-house R&D expenditures for all four industries increased at an exponential rate over the ten years. Based upon annual industry-level in-house R&D expenditures, we can estimate a within-sample annual growth rate of R&D for each industry. This gives us a value of 15%, 30%, 32% and 14% for the pharmaceutical, telecom, computer and instrument industries, respectively. 2 For convenience, we assume that g is the same as the within-sample growth rate and use these estimated values to calculate initial knowledge stocks SO 1 for all provinces.
Although we can construct the measure of knowledge stock acquired from both FTI and DTP in a similar way, we find that it is difficult to estimate within-sample growth rates for the flow of FTI and DTP expenditures. Both FTI and DTP expenditures varied dramatically from year to year with no detectable trend over the sample period. Since we have no pre-sample information on either provincial or industrial level FTI and DTP, we do not know whether this 'random' pattern also holds true prior to 1995. However, some evidence does suggest that the two variables exhibit different time-trends during the pre-sample period. Figure 1 depicts the trend in FTI contractual values and DTP expenditures for LME in all industries (including non-high-tech industries) from 1987 to 2004. 3 In the early 1990s, both FTI and DTP expenditures increased dramatically and reached the peak in 1995. This was followed by a sharp decrease in both FTI and DTP during the late 1990s. They reached the bottom in 1999 after the Asian financial crisis occurred. Since then, DTP has been increasing and FTI has experienced another increase and decrease cycle. It is quite clear that at a large-scale industry level, different patterns exist for FTI and DTP during different periods. We believe that the same is true for the hi-tech industries. Thus, even if we could estimate within-sample growth rates, it may not be appropriate to assume the equality of pre-sample and within-sample g. In this case, we can not specify g and therefore can not estimate the initial knowledge stocks for foreign technology and domestic technology with the approach discussed above. To circumvent this problem, we take advantage of pre-sample information on all-industry level FTI and DTP, and adopt a slightly different strategy. 
where FF t is the estimated annual investment on FTI prior to 1995 and the depreciation rate δ is again assumed to be 15%. The computation of FTI for t > 1 just follows (2) and (3) above, which is quite straightforward. The same approach is used to construct the knowledge stocks generated from domestic technology, DTP. It should be mentioned that we extrapolate pre-sample values of FTI and DTP expenditures for only the five years of 1990 to 1994. We believe that this treatment will capture most impacts of previous FTI and DTP investment. Similar studies have shown that allowing for five-years of previous in-house R&D investment is sufficient (Kathuria, 2001) .
Control variables
Along with three variables of knowledge stocks, we consider two control variables. The first variable (Export) measures the share of total sales from exportation which is supposed to capture the effect of export-led technology learning (Liu and Buck, 2007) .
Since the patent count we analysed is aggregated at province level for each industry, the number of firms in each province-industry has an influential impact on the total number of patent applications. So, we use the logged number of firms as the second control variable (Number of firms).
As is common with count panel data model, we include the province dummies to account for the inherent province-specific effect (or heterogeneity). This heterogeneity could be perceived from different perspectives. Local governments have their own priorities for supporting certain hi-tech industries. The propensity to patenting varies among provinces due to the difference in enforcement of intellectual property rights (IPRs). Local competition conditions, the penetration of foreign and joint ventures and labour mobility also differ across provinces. These factors create an individual effect that varies across provinces more than across time. In addition, some industry-wide changes may take place. For instance, a breakthrough in one technology field can lead to many entries and bring about many innovations throughout the industry. The pool of purchasable foreign technology will increase, which affects firms in less-developed countries in terms of not only FTI expenditures but also innovation and patenting behaviours (Deolalikar and Evenson, 1989) . The rapid development of the mobile phone industry and the wide spread use of the internet are two prominent examples in China. By including dummy years in our study, we subsume these time-related industry-wide effects in the coefficient of dummy years. Table 2 summarises the above constructed statistics of variables. As is common with patent data used in previous studies, the number of domestic patent applications in our data has more weight on the right tail than expected from usual Poisson distributions. As a result, their variances are much larger than their means, which is a clear indication of over-dispersion in patent counts. This is the case for all four industries and especially remarkable in the telecom and computer industries. As mentioned before, in this analysis, we use the negative binomial regression technique to overcome this problem. Table 3 exhibits the results from the pooled estimation where data for the four industries are combined and estimated coefficients of independent variables are constrained to be equal across the four industries. We first consider a simple case where the interaction terms (R&D * FTI) and (R&D * DTP) are not included (column 1). As expected, both in-house R&D and DTP contribute to the introduction of patents significantly. Although one may expect FTI to have a similar effect on innovation, the coefficient of FTI is significantly negative, suggesting that the impact of FTI on innovation is actually unfavourable. When the interaction term (R&D * FTI) is included, the coefficient of FTI still remains negative, although not statistically significant (column 2). In this case, the coefficient of the interaction term is significantly positive, indicating that a positive leverage can be gained by firms investing in both R&D and FTI. The likelihood ratio test suggests that this model is preferred to the model in column 1. To examine whether a similar leverage effect exists between R&D and DTP, we add both interaction terms into the model specification (column 3). The estimates are quite similar to those given in column 2, except that the coefficient of in-house R&D becomes insignificant. Although the estimated coefficient of (R&D * FTI) is significantly positive, the insignificant negative coefficient of (R&D * DTP) seems to suggest that no important leverage effect can be found between R&D and DTP. These findings support our Hypothesis 1. However, one should be careful in the interpretation of this argument, because the high correlation between the two interaction terms (R&D * FTI) and (R&D * DTP) may have contaminated the estimation in this case. To test this possibility, we estimate one case when only the interaction term (R&D * DTP) is added into the model specification, instead of (R&D * FTI). A positive leverage effect between R&D and DTP reveals itself from the reported results, implying that firms can take advantage of domestic technological knowledge to boost their own R&D productivity in patenting (column 4). Even in this case, however, we found that the estimated coefficient of (R&D * DTP) is lower than that of (R&D * FTI) given in column 2, which also validates our Hypothesis 1. Moreover, the likelihood test tells that the model of column 4 is not preferred to that of column 3. Due to a high correlation between the two interaction terms (R&D * FTI) and (R&D * DTP), it seems not wise to include both terms in the estimation. Since we are more interested in detecting a leverage effect between R&D and FTI than between R&D and DTP, we used the model specified in column 2 as our reference in the following discussions and as our preferred model to test other hypotheses in the following subsample analyses. Table 3 Estimation results for pooled data In an effort to detect the impact of technology import, Liu and White (1997) used the human capital devoted to R&D activities as a measure of R&D efforts. From a technical perspective, their choice can partially mitigate the collinearity problem arising from the inclusion of correlated variables. To compare with their results, we replaced the variable (R&D) with a new variable (R&D personnel) which is a measurement of the amount of full-time-equivalent personnel devoted to R&D activities. The results from this specification are provided in column 5 of Table 3 , and are similar to those reported in column 2. The results reported in Table 3 are based on ten years of observations from 1995 to 2004. During the sample period, however, several important events may have exerted a huge influence on the behaviour of Chinese firms. First, Chinese patent law was amended in a way favourable to patent applicants and became effective in July of 2001. Second, China became a formal member of the World Trade Organization in 2001 and became committed to stringent compliance with international IPRs laws. These changes might have given Chinese firms an incentive to take out more patents than before. In order to eliminate the effect of these factors, we estimated our model based on a subsample covering the period from 1995 to 2000. The results reported in the last column of Table 3 are very close to what we obtained from our reference model, showing clearly that the two events do not contaminate our estimation based on ten-year observations. From the discussion above, one can reach a conclusion that investing in R&D and DTP can directly facilitate a firm's introduction of innovations. This does not hold true for FTI, although firms can take advantage of the leverage effect through in-house R&D. This finding actually supports Cohen and Levinthal's (1990) argument of internal absorptive capacity and is consistent with the results in Liu and White (1997) . In terms of the direct impact of FTI, our finding is contrary to Liu and Buck (2007) which found that the significance of FTI is independent of a firm's absorptive capacity. The reason is probably due to the fact that Liu and Buck used new product sales as a measure of innovation, which will overestimate the rate of innovation. For instance, importing an assemble line could increase the sales of a new product in a short period of time, but would not be conducive to patenting new inventions.
Results and findings
In addition, in all six cases the coefficients of Export are statistically insignificant, showing no detectable impact of export-led technology learning on innovation (Table 3) . The estimated coefficients of firm numbers are significantly positive in all cases, suggesting that local competition is conductive to a firm's innovation in Chinese hi-tech industries. The more intense the local competition, the more likely a firm is to patent. To investigate whether our main findings obtained from the pooled data hold true between regions and across industries, we can conduct a similar analysis based on certain subsamples. Recent studies show that Chinese manufacturing and hi-tech industries are increasingly geographically concentrated in the eastern coastal regions of China (Sun, 2003; Wen, 2004) . In 2005, about two thirds of Chinese domestic patents were from five provinces in Eastern China (Li, 2009) . Since most innovative firms are located in these provinces, one may speculate as to whether the geographical distribution of Chinese hi-tech firms has an impact on our results. A careful analysis of this research issue is not possible in this study, due to the limitation of data availability. Nevertheless, we can partially control for the geographical factor by estimating our models based on two subsamples. According to the geographical location of each province, four-industry pooled data are classified into two subsamples: relatively more developed eastern coastal regions, and less developed central and western regions. 4 Separate regressions are run on each subsample and estimated results are reported in the first 2 columns of Table 4 . 5 The breakdown analysis of the two sub-samples reveals several interesting points. First, the innovation effect of in-house R&D is much more important in eastern regions than in the central and western regions. In the later case, the coefficient of in-house R&D is only marginally significant. Comparing the coefficient of (R&D * FTI) in columns 1 and 2, shows that the marginal effect of R&D on assimilating and utilising foreign technology is smaller in eastern regions. These results lend support to our Hypothesis 2. Second, our Hypothesis 3 is substantiated. Specifically, domestic technology does not seem to be a significant source of technological knowledge for firms in eastern regions, although, it does play an important role in innovation for firms' located in central or western regions. This is consistent with our intuition, in light of the fact that firms in eastern regions are more likely to be the suppliers of domestic technology. Third, the impact of local competition is more remarkable in eastern regions, as suggested by the larger estimated coefficient of firm numbers in this case. These findings together suggest the existence of differing innovation patterns in different regions of China. In eastern regions, firms are more dependent on in-house R&D than their counterparts in the other regions. To some extent, their innovation is self-reliant. By contrast, firms in central and western regions are inclined to innovate by learning from external technology. In this sense, they innovate by imitation. In the two sets of results, we found no evidence to support a direct impact of foreign technology on innovation. However, a leverage effect between in-house R&D and FTI is present in both subsamples. Again, this confirms our finding that absorptive capacity is important for Chinese firms to be able to use foreign knowledge, no matter which regions they are located.
Finally, in view of the noticeable difference across industries regarding technological opportunities, industrial structures and foreign capital presence, we estimated our reference model for each industry separately and report the results in columns 3 to 6 of Table 4 . The results vary in the break-down analysis, supporting our Hypothesis 4. At the industry level, the knowledge generated from in-house R&D investment is more conducive to innovation in the computer and instrument industries than in the pharmaceutical and telecom industries. In contrast, the knowledge learned from external domestic technology is more influential in the pharmaceutical and the telecom industry than in the other two industries. These results are consistent with our observation that both the pharmaceutical and the telecom industry have spent a large amount of money on domestic technology during the sample period. Knowledge associated with foreign technology again has a negligible impact in all four industries, which confirms our previous findings. A favourable leverage effect exists between in-house R&D and FTI for each of the four industries; although it is only marginally significant (at a level of 10%) in the pharmaceutical and the instruments industry. This indicates that investing in both in-house R&D and FTI is favourable to innovation for Chinese firms. No matter in which industry they are operating.
Conclusions and implications
In this paper, we empirically estimated the effect of three types of investment in acquiring technological knowledge (in-house R&D, FTI and DTP) on firms' innovation capacity in four Chinese hi-tech industries. These technological investments are assumed to generate different types of knowledge, which in turn contribute to the enhancement of technology (or innovation) capability. Taking domestic patent applications as a measure of innovation output and the province as the unit of analysis, we estimated an industry-level patent production function with the fixed effect negative binomial count model technique. The data we used was constructed from a panel of provinces over the ten year period from 1995 to 2004, which was drawn from recent province-industry level statistics published by China's NBS.
The results reveal quite interesting findings. First, FTI alone does not foster the production of patents. This finding is reliable and robust across all model specifications considered in this analysis. However, we did find a significant leverage effect between in-house R&D and FTI, which is consistent with the finding in Liu and White (1997) and provides empirical evidence for Cohen and Levinthal's argument for absorptive capacity. This finding suggests that the purchase of foreign technology alone is not conducive to a firm's innovation performance unless it is coupled with an investment in R&D. Thus, firms can better use foreign technology by enhancing their absorptive capacity which can be gained through in-house R&D activities. Interestingly, due to the inherently different characteristics of foreign and domestic technology, we found the impact of absorptive capacity is less prominent for assimilating domestic technology. Secondly, there are disparate modes of learning and innovation between regions and across industries. Specifically, the innovating role of R&D is more important for firms located in relatively developed eastern regions than for firms in central and western regions. By contrast, firms in less developed central and western regions are more likely to invest in R&D for learning. Thus, firms in developed regions innovate on a self-reliant basis, and their counterparts in less developed regions innovate by imitation. Firms in the pharmaceutical industry and the telecom industry can take better advantage of domestic technological knowledge developed outside of the firms than the computer and instruments industry, while the latter can become more effective innovators by investing in in-house R&D. For policy implications, our findings that there are disparate patterns of learning and innovation suggest that one policy directing toward the enhancement of technological competence does not fit all. With regard to R&D investment, managers are advised to keep in mind that the dual role of R&D varies between regions and across industries.
It is noteworthy to point out that, although our analysis is based on an examination of Chinese case, our approach can also be extended to or applied in other technology-followers or catching-up economies, especially if firms in these economies rely on external technology knowledge to build up their technological capability. This is simply because technology developed in one context cannot be easily and fully internalised by firms in a different context without a certain level of absorptive capacity or necessary learning. As long as knowledge learning is concerned, the pattern of innovation and learning can be empirically examined. In this sense, our analysis serves as a starting point to inspire future research interests in a broader context. Finally, there are several limitations in this analysis. One caveat is associated with the measurement of innovation output and the construction of knowledge stocks. In addition, the use of industry level data does not allow us to make a distinction between domestic firms and foreign-invested firms. The fact that a particular industry is more likely to conglomerate in a certain region than to distribute evenly has not been taken into account explicitly, either. All of these issues are worthy of further exploration. 1 Blomström and Kokko (1998) summarise various means through which FDI spillover effects take place. Empirical studies of FDI spillover effects in China are quite extensive, including, for example, Hu and Jefferson (2002) , Liu and Wang (2003) , Cheung and Lin (2004) , Wei and Liu (2006) and Madariaga and Poncet (2007) . 2 They are computed as estimated coefficients in regressing logged in-house R&D expenditures on year variables. 3
Notes
For a retrospective analysis of technology import in China before the 1980s, see Zhang and Liu (2006) . 4
The subsample of eastern regions include 12 provinces, namely, Beijing, Tianjing, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Shandong, Fujian, Guangdong, Guangxi and Hainan. The other 18 provinces are included in the subsample of central and western regions.
5 When we incorporate the interaction term (R&D * DTP) into subsample regressions, the likelihood ratio tests show that the models without the interaction term are always preferable at a significant level of 1%.
